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Abstract
[Purpose/Significance] To review the influencing factors of citation frequency for
individual papers and the current state of citation frequency prediction research,
thereby providing researchers and research institutions with a comprehensive
and systematic cognitive framework for investigating the influencing factors
and prediction of citation frequency for individual papers. [Process/Method]
Employing the literature survey method, this study systematically reviews ex-
isting literature to summarize the content and characteristics of influencing
factors, research objects, and research methods related to citation frequency
prediction. Through tabular comparison, different approaches are analyzed,
and both common problems in existing research and some innovative solutions
are identified. [Results/Conclusion] The systematic review and summary reveal
that the causal relationship between influencing factors and prediction results
is unclear, research sample data lacks diversity, the relationship between the
applicability of research findings and prediction periods is not explicitly defined,
and the interpretability of model evaluation is weak. Therefore, future research
quality should be enhanced by addressing prerequisites for problem-solving, se-
lecting targeted samples, improving methods for extracting influencing factors,
and employing mathematical thinking in modeling.
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encing factors of single-paper citation frequency and the current state of citation
frequency prediction research, providing a comprehensive cognitive framework
for researchers and institutions studying these topics. [Method/Process] Us-
ing the literature research method, we systematically combed through existing
literature to summarize the influencing factors, research objects, and research
methods of citation prediction, compared different approaches through tabular
analysis, and identified common problems and innovative solutions in current re-
search. [Result/Conclusion] Our systematic review reveals that the causal re-
lationship between influencing factors and prediction results is unclear, research
sample data lacks diversity, the relationship between result applicability and
prediction period is not explicitly defined, and model evaluation interpretability
is weak. Therefore, future research quality should be improved by addressing
problem preconditions, selecting targeted samples, refining influencing factor
extraction methods, and employing mathematical thinking in modeling.

Keywords: citation frequency prediction; influencing factors; regression anal-
ysis; machine learning; deep learning

The scientific system contains numerous elements and connections, and re-
searchers are increasingly interested in the citation dynamics of academic pa-
pers and scientific evolution. Citation frequency reflects the attention a paper
receives to some extent; however, typically only a small minority of papers ac-
cumulate the vast majority of citations, while most others attract only a few
[?]. In other words, some research papers are more likely than others to attract
researchers’attention. Given the growing volume of literature, predicting which
papers will attract academic attention is important. Consequently, citation
frequency prediction has emerged as a new research direction in bibliometrics.
Numerous papers have appeared on this topic, with researchers often troubled
by large numbers of low-citation papers during modeling. The diverse selec-
tion of methods and influencing factor features has led to redundant research.
Although scholars have conducted systematic reviews of this topic, they have
focused primarily on influencing factors and research methods, without propos-
ing effective solutions for how researchers can engage with this field. Therefore,
this paper reviews the influencing factors of paper citation frequency, addressing
prediction tasks by examining research methods, object forms, and prediction
periods for single-paper citation frequency from both regression and classifica-
tion perspectives, and finally proposes solutions to common problems in existing
research to provide reference for future studies. The main framework of this re-
view is shown in Figure 1 [Figure 1: see original paper].

Influencing Factors of Single-Paper Citation Frequency
Citation frequency prediction for academic papers has been extensively stud-
ied. Researchers typically focus on what factors affect citation counts to screen
important influencing factors for prediction. F. Didegah and M. Thelwall [?]
argue that citation motivations are complex; the intellectual cognition of pa-
pers by citers constitutes an intrinsic factor that can be investigated through
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interviews and questionnaires, but this approach is time-consuming and, due to
the complexity and discipline-dependency of citation motivations, such qualita-
tive research usually involves only a small sample of scholars. External factors,
however, can be quantified and calculated on a large scale and thus used to
predict future citation impact. External factors affecting citation rates include
attributes of the cited paper such as authors, abstracts, journals, fields, ref-
erences, and the paper itself. This study is limited to external motivations,
categorizing these factors into four major types: paper-related, author-related,
journal-related, and other factors.

Paper-Related Influencing Factors

Among paper-related influencing factors, one of the main factors associated with
citation frequency is the paper’s topic, which represents the core of its research
content and can be used to predict future citation frequency [?]. Content can
be analyzed from three dimensions: topic attention (the attention the paper’
s topic receives), topic novelty, and topic diversity. Popular topics typically
attract more attention and citations from other papers [?], while novel topics
can enhance impact and citation rates [?]. The more attractive and novel the
topic, the more citations the paper may receive. Additionally, the scope and
field of the research topic affect citation frequency, as topic diversity influences
citation counts [?].

In topic identification research, most researchers use the Latent Dirichlet Al-
location (LDA) model or its derivatives for topic identification, then calculate
metrics such as topic attention/heat, novelty, and diversity. Topic attention
is primarily measured from the perspective of cumulative citations, diversity
from information entropy, and novelty from peer review, citation, and content
perspectives [?]. Apart from peer review, the other two methods (co-occurrence
frequency of citation pairs and topic content) are based on a co-occurrence con-
cept. Numerous studies exist on content novelty, though their perspectives are
largely similar.

The number, authority, and diversity of references also increase citation fre-
quency [?]. Studies with more references correlate with higher citation rates
[?]. Papers with younger average reference ages may receive more citations,
while those citing “old publications”show significantly reduced citation counts
[?], as paper information becomes outdated over time [?]. Generally, citation
frequency peaks in the first few years after publication and gradually decreases
over time. Additionally, reference authority (cumulative citation frequency [?])
and diversity (citing literature’s research fields [?] and cross-nationality [?])
affect citation rates.

Research also finds that certain document types receive more citations than
others; for example, review papers are cited more than research papers [?].
Funding is an important economic source for scientific research, and adequate
funding provides better material support. Generally, papers from higher-level
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funded projects receive more citations than unfunded papers [?]. In some studies,
early citation rates and their velocity are considered predictors of future citations
[?]. Early citations represent the scientific community’s initial feedback on a
paper, and citation velocity reflects the paper’s dissemination speed within the
scientific community. Paper length (number of pages) also increases citation
frequency [?], as longer papers contain more information [?]. The title is the
most condensed summary of a paper’s content and the first thing scholars see
when searching. H. R. Jamali and M. Nikzad [?] found that an informative title
can increase citations, but no significant correlation exists between title length
and citations; title features affect download counts more than citation frequency
[?]. Open access refers to paper accessibility and visibility—authors must be able
to read the full text to benefit from it—and open access papers typically receive
more citations than those in non-open access journals [?][?].

The scope of paper-related influencing factor research is extensive. Beyond
the well-studied factors mentioned above, foreign scholars have conducted de-
tailed research on methodology/research design, section characteristics, and
data/appendix usage [?]. Although some papers find correlations between these
factors and citation rates in certain fields, these factors may not relate or only
weakly relate to citation rates in different fields. These studies often ignore dis-
ciplinary differences [?], yet some influencing factors have obvious disciplinary
characteristics. Therefore, building universal comprehensive indicators is not
an ideal choice. The above influencing factors are summarized in Table 1 .

Author-Related Influencing Factors

Author-related factors also affect citation frequency. Author count is a measure
of research collaboration. High-quality papers often involve cooperation among
multiple researchers, and co-authorship (especially international collaboration
[?]) can increase citation rates [?]. However, some studies have found opposite
results, showing no special connection between international cooperation and
citation frequency [?]. As the citation time window lengthens, the correlation
between author count and citations weakens [?]. Yet other reports indicate that
author collaboration in different fields can increase citation rates [?]. Therefore,
whether collaboration affects citation frequency remains controversial.

Additionally, author count correlates positively with self-citation numbers [?],
but the ratio of self-citation to non-self-citation decreases as total accumulated
citations increase, with self-citations often concentrated shortly after publication
[?]. Thus, from a macro perspective, self-citations need not be excluded when
analyzing paper citations [?].

Famous authors have high prestige in their fields, and their papers often re-
ceive more citations [?]. The Matthew Effect makes papers by high-citation
authors more likely to be cited than those by low-citation authors [?]. There-
fore, an author’s previous papers’citation frequency can be a good predictor
of future citations [?]. The H-index is the most common standard for measur-
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ing researcher capability [?], and prestigious authors often have high H-indices.
Thus, when studying how an author’s prestige in a field affects citations, the
H-index is commonly used as a metric. Institutional prestige largely depends on
the author; generally, papers from top-ranked universities receive more citations
[?].

Beyond these factors, demographic characteristics of authors have been included
in measurement indicators. Some studies find that white males have higher in-
fluence than non-whites and females [?], while others show demographic charac-
teristics have no significant effect on whether a paper is cited [?]. Author-related
influencing factors are summarized in Table 2 .

Journal-Related Influencing Factors

Beyond paper and author factors, research finds that journal-level factors are
the main determinants of citation frequency [?]. The average citation count
a paper receives in its publishing journal can predict future citations [?]. Re-
searchers tend to publish in high-impact journals to increase visibility and obtain
higher citations. Studies prove that publishing in high-impact journals yields
higher citations than low-impact journals [?]. Although numerous studies con-
firm the positive correlation between journal impact and paper citations, some
find that journal impact factor is not necessarily a predictive indicator [?]. Some
researchers use total citations and productivity (number of published papers)
as influencing factors [?]. Additionally, some studies suggest journal language
affects citation rates [?], particularly English journals, which accumulate more
citations [?]. Journal-related influencing factors are summarized in Table 3 .

Other Influencing Factors

As research deepens, new perspectives such as social networks and time fac-
tors have emerged. Researchers began analyzing potential connections between
social network activity and bibliometrics [?]. Kong Ling et al. [?] added altmet-
ric factors when summarizing relevant influencing factors, but altmetric factors
target open academic networks and social media, differing from traditional aca-
demic paper websites. Beyond social networks, academic citation networks are
also important. To measure author sociality, R. Yan et al. [?] built an author col-
laboration network and recursively calculated sociality using PageRank. Since
academic paper citations have a half-life attribute, time factors are valuable
for citation frequency prediction. E. Butun and M. Kaya [?] combined author
citation networks with time factors, introducing a temporal link metric that
considers the evolution of author citation networks, using local and global topo-
logical structures in complex networks to predict link weights based on links
in citation networks—this was the first study to use directed, weighted, and
temporal citation networks for citation frequency prediction. Other factors are
summarized in Table 4 .
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Methods for Predicting Single-Paper Citation Frequency
With the development of scientometrics, numerous research methods have been
introduced into citation frequency prediction. From a task-oriented perspec-
tive, prediction can be defined as either a regression or classification problem.
For regression, main methods include traditional regression analysis, machine
learning, and deep learning. For classification, machine learning methods are
primarily used. Each method has distinct characteristics.

Regression-Based Prediction Methods

Regression-based prediction uses a paper’s relevant features to predict its ci-
tation frequency at a certain time point [?]. Regression is currently the most
commonly used prediction method [?]. This section reviews citation frequency
prediction research from three aspects: traditional regression, machine learning,
and deep learning.

Traditional Regression Prediction Early researchers often used tra-
ditional linear regression for fitting studies. C. Lokker et al. [?] used 17
reference-related features and 3 journal-related features to predict two-year
citations for clinical papers, achieving a coefficient of determination (r2) of
0.60 for the training set and 0.56 for the test set. In sensitivity analysis,
specificity for papers in the top half and top third of citation rankings was
72% and 82%, respectively, showing that regression prediction works better
for highly cited papers—a finding also reflected in G. Abramo et al. [?], which
reflects the fact that most papers are low-cited while only a small portion are
highly cited [?]. T. Yu et al. [?] used stepwise multiple regression to select
good feature variables from paper external features, author features, journal
features, and cited paper features to build a model describing the relationship
between features and citation impact for predicting citations five years after
publication. L. Bornmann et al. [?] used all papers published in 1980 from
the WoS database across all disciplines (approximately 500,000 papers), using
citation frequency in the 31st year after publication as the dependent variable
for long-term impact prediction. They found that only citations in the first
few years after publication significantly improved long-term impact prediction,
a result also found by G. Abramo et al. G. Abramo et al. [?] used two linear
regression models, finding that average prediction accuracy was good for
citation windows longer than two years, with a three-year window sufficient
for predicting long-term scientific impact. The model had low prediction
accuracy for low-cited papers and varying accuracy across disciplines. Cheng
Zixuan et al. [?] used stepwise regression to predict citations seven years after
publication for library and information science journal papers, identifying 10
factors significantly correlated with citation frequency.

Traditional regression analysis is statistics-based. Such models are effective for
small data volumes and simple relationships, with intuitive understanding and
interpretation, but they have strict requirements for data distribution and lower
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precision for complex data structures. Some papers using traditional regression
for citation prediction are shown in Table 5 .

Machine Learning Prediction With technological development, machine
learning has emerged in citation frequency prediction research. R. Yan et al. [?]
used basic features of highly cited papers and multiple machine learning meth-
ods to predict citation frequency, with the best model (CART classification
and regression tree) achieving an average r2 of 0.786 for predicting 10-year ci-
tations. They found that author expertise and journal impact were significant
influencing factors, while isolated content features could not predict citations. T.
Chakraborty et al. [?] argued that most regression methods assume all published
papers have similar citation patterns, which affects prediction accuracy. They
proposed a stratified learning approach, dividing papers into six citation pat-
terns and using support vector machines for regression on each pattern. Their
study proved stratified learning effective but only for papers with average an-
nual citations greater than 1. J. Chen and C. Zhang introduced IBM models
to extract content features for calculating association probabilities between pa-
per topics, used bipartite network projection to obtain author collaboration
networks, and applied Gradient Boosting Regression Trees (GBRT) to predict
citation counts. Experiments showed GBRT’s“content feature”group performed
best on the KDDCUP dataset [?]. However, X. Zhu and Z. Ban [?] used the
ArnetMiner dataset with academic network features and found author features
more important, with Support Vector Machines (SVM) achieving the highest
r2 of 88.87%. Some papers using machine learning for citation prediction are
shown in Table 6 .

Deep Learning Prediction In recent years, deep learning methods such
as neural networks have been applied to citation frequency prediction. Deep
learning models are a special type of machine learning that allows models to
learn data representations with multiple abstraction levels through multiple
processing layers [?]. In deep learning, time series neural networks like RNN,
LSTM, and GRU can predict future sequence values, while BP neural networks
and CNN are more effective for feature processing.

A. Abrishami et al. [?] used RNN to learn paper citation sequences to predict
future citation sequences, but only used early citation features without incorpo-
rating other information sources like author functions or paper content. LSTM
is a variant of RNN. S. Yuan et al. [?] combined four phenomena—paper intrin-
sic quality, aging effect, Matthew effect, and recency effect—to propose citation
frequency prediction models based on RNN and LSTM, but only used time se-
ries without author, journal, or paper features. In contrast, J. Wen et al. [?]
extracted features for citation prediction and input them into GRU neural net-
works, comparing results with other regression models. Experiments showed
high prediction accuracy and fast convergence, with citation time series predic-
tion outperforming existing methods.
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Unlike time series prediction methods, X. Ruan et al. [?] used a four-layer Back
Propagation (BP) neural network to predict total future citations, finding BP
neural network performance significantly superior to six baseline models (XG-
Boost, RF, LR, SVR, KNN, RNN). For prediction accuracy, low-cited papers
had higher accuracy than high-cited papers. J. Xu et al. [?] proposed a data-
centric approach combining many literature features to predict long-term scien-
tific impact using Convolutional Neural Networks (CNN).

Unlike linear regression models that rely on statistics, deep learning methods
have no strict requirements for experimental data distribution, and neural net-
work predictions are typically robust. Additionally, shallow machine learning
model performance depends on feature engineering quality—the better the fea-
ture engineering, the higher the model learning efficiency. However, feature en-
gineering construction, selection, and extraction are not easy tasks. In contrast,
deep neural networks have advantages in feature learning—automatic feature
engineering [?]—which can automatically transform initial “low-level”feature
representations into “high-level features”through multi-level and non-linear
transformations [?]. Some papers using deep learning for citation prediction are
shown in Table 7 .

Summary Most of the above prediction studies filter papers by removing low-
cited papers before prediction because low-cited papers do not perform well in
regression prediction, which is often only suitable for predicting highly cited pa-
pers. However, for newly published papers, we cannot know whether they are
highly cited, creating a large gap between prediction effectiveness and practical
application. Y. Dong et al. [?] argue that citation frequency prediction has a
long-tail effect and is not suitable for regression because prediction effectiveness
is fundamentally limited by the power-law distribution of citations—low-cited
papers are common while highly cited papers are rare. Since the vast major-
ity of papers accumulate few citations, traditional regression analysis struggles
to measure citation frequency. To address this difficulty, extracting features
of highly cited papers and mapping them to citation frequency can improve
prediction efficiency to some extent. However, because low-cited papers are
too numerous, features of highly cited papers are not obvious, greatly reducing
prediction effectiveness on practical application datasets.

Classification-Based Prediction Methods

Transforming citation prediction from regression to classification makes predic-
tion results more consistent with citation data distribution patterns, making
models more generalizable despite coarser prediction granularity [?]. Compared
to regression methods, classification-based approaches are relatively uniform,
primarily using various machine learning methods. As classification tasks are
supervised learning, they require setting a classification threshold to determine
each paper’s label. Common classification methods for citation prediction in-
clude Support Vector Machine (SVM), Naive Bayes (NB), K-Nearest Neighbors
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(KNN), Logistic Regression (LRC), Decision Trees, Gradient Boosting Decision
Trees (GBRT), Bagging (BAG), Random Forest (RF), XGBoost, and AdaBoost.

A. Ibanez et al. [?] divided papers into three categories—few citations ($�$1),
some citations (2-4), and many citations (>4)—using machine learning meth-
ods like Naive Bayes, Logistic Regression, Decision Trees, and KNN to predict
citations from year one to four, with Logistic Regression and Naive Bayes achiev-
ing the highest accuracy. L. Fu and C. Aliferis [?] used SVM in biomedicine
to predict whether a paper’s 10-year citations would exceed thresholds (20,
50, 100, 500), achieving AUC (Area Under Curve) of 0.857-0.918. M. Wang
et al. [?] divided 219 astronomy and astrophysics papers into high, medium,
and low groups, using a multi-classifier system of five decision tree classifiers to
achieve high classification ability, showing that paper internal quality and ex-
ternal features (primarily author and journal reputation) help improve citation
prediction. Y. Dong et al. [?] found that an author’s publication topics and
publishing journals determine whether a paper will contribute to the author’s h-
index, while topic popularity and co-author influence are unrelated to prediction
targets. Their best model achieved over 87.5% accuracy in predicting whether a
paper would contribute to its primary author’s h-index within five years. Geng
Qian et al. [?] found through extensive experiments that GBDT, XGBoost, and
Random Forest have strong prediction ability, with better relative performance
for longer prediction periods.

Machine learning can handle both regression and classification problems.
Among many studies, ensemble machine learning methods and support
vector machines show good prediction performance. Compared to predicting
regression values, machine learning performs better in classification. Although
classification prediction is coarser-grained, it better fits practical application
data and can reduce the impact of low-cited data during classification. How-
ever, classification results represent total citations within a certain period,
simplifying citation volume processing [?] and thus cannot judge citation trend
changes over time. Classification models lack unified classification standards,
often custom-defined by researchers based on their datasets, with even the same
researcher using different standards across studies, showing the coarse-grained
nature of classification methods and limiting research applicability [?]. Some
papers using machine learning for citation prediction are shown in Table 8 .

Analysis of Common Problems in Citation Frequency Pre-
diction Research
Overall, whether defined as regression or classification, citation prediction re-
search shares common problems.

Unclear causal relationship between influencing factors and predic-
tion results
Research on influencing factors and citation frequency primarily examines cor-
relation rather than causation. Correlation does not guarantee good predictive
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performance in models. With numerous influencing factors, research has cov-
ered many aspects: paper/content-related, author-related, journal-related, and
others including time, altmetric, and network features. However, different fac-
tors may produce different effects in different datasets. For example, in the
KDDCUP dataset, J. Chen and C. Zhang found content features more impor-
tant [?], while in the ArnetMiner dataset, X. Zhu and Z. Ban found author
features more important [?].

Lack of diversity in research sample data
Citation prediction research samples are relatively homogeneous, mostly focus-
ing on science, engineering, and medical literature. Although some studies com-
pare disciplines, they do not cross the boundary between natural and social
sciences, lacking comprehensiveness. The ArnetMiner and AMiner datasets are
commonly used public datasets for computer science literature, with biomedi-
cal datasets also common but humanities and social science datasets very rare.
Most datasets come from foreign databases. Existing research shows large dif-
ferences between datasets from different fields, raising questions about whether
these prediction methods remain applicable when migrated to domestic or hu-
manities/social science datasets.

Unclear relationship between result applicability and prediction pe-
riod
Prediction aims for practical application, but most papers do not explain what
period is appropriate. Among many studies, prediction periods vary widely,
with research goals of predicting short-term or long-term impact measured by
citations in future periods of varying lengths (1, 5, 10, or even 31 years). Dif-
ferent researchers use different data, resulting in different periods. Few papers
study the overall data to identify effective citation time windows. Overly long ci-
tation windows cause information lag and invalid predictions, while overly short
windows may reduce model accuracy.

Weak interpretability of model evaluation
Citation prediction requires evaluation criteria such as coefficient of determina-
tion r2, Mean Squared Error (MSE), Mean Absolute Error (MAE), and Accuracy
(ACC). However, many studies only provide evaluation values to judge model
quality without detailed explanation. In fact, evaluation values are calculated
from actual and predicted values. For example, MAE is mean absolute error,
and when judging value magnitude, it should be compared with actual values
to see the error range relative to real values, not just comparing error values
across methods.

Suggestions for Improving Citation Prediction Research
Quality
Addressing the common problems identified above, this paper offers suggestions
to help researchers improve research quality.

Clarify problem preconditions and propose innovative prediction
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paths
When solving practical problems, researchers often add preconditions to sim-
plify complexity. What problems emerge when removing these preconditions,
and whether methods can be reproduced in practice, warrant consideration.
In research using dynamic heterogeneous information networks for newly
published papers, Jiang et al. [?] argued that previous citation prediction relied
on citations observed in the first few years after publication (leading citation
values) to predict long-term citations. However, many papers reach peak
citation impact in the first few years, failing to demonstrate leading value. In
fast-updating fields like machine learning, waiting 3-5 years to predict impact is
unrealistic. They therefore challenged: generating citation time series for new
papers without any leading value, solving the“cold start”problem in time series
tasks. They proposed an end-to-end framework from heterogeneous information
network to time series, predicting single-paper citation frequency. The core
idea is a transformation: learning from heterogeneous networks composed of
keywords, authors, venues, and papers to estimate a pseudo-leading value and
map it to future citation time series, converting network information into time
series information.

Improve influencing factor extraction methods
The above review comprehensively discussed influencing factors that may be-
come model features. However, making these features better express needed
information requires innovation and application from micro-level operational
perspectives. In research extracting advanced semantic features to learn citation
time series [?], the core was obtaining semantic information from metadata text,
encoding sentences using Doc2Vec, then extracting advanced (paragraph-level)
semantic features through Bi-LSTM and attention mechanisms, finally learning
citation prediction tasks by integrating early citations. This proved metadata
semantic features useful for improving citation prediction performance, offering
a promising method.

Topic-related feature research also mines text content (titles, abstracts), but
differs in feature granularity. Topic features describe entire documents, com-
monly extracted using LDA and its improved models to form a fixed number of
topics through parameter adjustment in corpora, with relatively coarse granu-
larity where some papers may not find appropriate topics. Metadata semantic
features, based on Doc2Vec, further use Bi-LSTM and attention mechanisms for
semantic mining with finer granularity, enabling each paper to find its specific
semantic features.

Expand research samples
Most citation prediction studies use single datasets, so results are not univer-
sally applicable to other datasets. Research shows large differences between
field datasets. To make results more generalizable, more comprehensive datasets
should be used for comparative studies across significantly different fields, an-
alyzing reasons for different prediction results to make research more rigorous
and comprehensive. In G. Abramo et al. [?], 123,128 Italian publications from
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WoS were studied, finding different disciplines had different model applicability.
All literature was classified into 12 subject categories: “Biology,”“Biomedical
Research,”“Chemistry,”“Clinical Medicine,”“Earth and Space Sciences,”“Eco-
nomics,”“Engineering,”“Law, Politics and Sociology,”“Mathematics,”“Multidis-
ciplinary,”“Physics,”and “Psychology.”Results showed “Economics”had the
largest weight for early citations in both models, while “Psychology”was op-
posite; life science fields had different average early citation weight coefficients;
“Law, Politics and Sociology,”“Engineering,”and “Multidisciplinary”showed
obvious early impact.

Apply mathematical modeling thinking to improve model inter-
pretability
The aforementioned empiricism-based parameter-tuning machine learning
and deep learning modeling methods lack mathematical tools to diagnose
and evaluate neural network feature expression capabilities, resulting in weak
interpretability. In the modeling process, appropriate methods can be sought
based on research needs. Mathematical modeling thinking analyzes problems
from a mathematical perspective in real contexts, proposing questions, building
models, determining parameters, solving models, and ultimately solving practi-
cal problems. The following modeling methods fully demonstrate mathematical
thinking and use mathematical tools for quantitative explanation, fully showing
model interpretability.

In research on paper citation dynamics mechanisms, M. Wang et al. [?] started
from the question“Can paper citation patterns predict long-term impact?”First,
they identified three basic mechanisms driving citations: highly cited papers are
more likely to be cited again; papers have aging effects where novelty eventually
disappears; and papers have intrinsic differences. Combining these factors, they
derived a probability model for paper citations: ( ) ~ , where �i explains intrinsic
differences. Since intrinsic differences like novelty and importance depend on
multiple intangible and subjective dimensions, the study avoided assessing a
paper’s intrinsic value, treating appropriate �i as a comprehensive measure of
a paper’s intrinsic differences within the total sample; Cit is citations paper i
receives at time t after publication; di(t) is the decay rate of paper i at time t
after publication. Total cumulative citations can be solved through calculus.

The innovation lies in treating citation prediction as a continuous probability
problem, deriving probability density functions to obtain distributions and thus
future citations. Compared to machine learning and deep learning methods
with similar accuracy, this modeling approach offers stronger interpretability.

Conclusion and Outlook
In summary, in the era of big data and artificial intelligence, citation predic-
tion research content continuously updates, generating new influencing factor
indicators and prediction methods. This paper systematically reviewed from
“influencing factors”to“research objects”and“research methods,”summarizing
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current problems and proposing corresponding suggestions based on previous
research.

Future research should deepen theoretical studies, strengthen the rational use of
influencing factor indicators and research methods, identify appropriate research
cycles, establish unified evaluation systems, and improve theoretical foundations.
On this basis, efforts should focus on solving practical problems, fully applying
macro-level mathematical modeling thinking and implementing micro-level spe-
cific operational methods. Using transformation thinking, complex practical
problems can be converted into multiple simple problems solved one by one,
enabling models to be fully applied in practical problems.
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